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Abstract: To address the performance and computational complexity issues in speech enhancement
for hearing aids, a speech enhancement algorithm based on a microphone array and a lightweight
two-stage convolutional recurrent network (CRN) is proposed. The algorithm consists of two
main modules: a beamforming module and a post-filtering module. The beamforming module
utilizes directional features and a complex time-frequency long short-term memory (CFT-LSTM)
network to extract local representations and perform spatial filtering. The post-filtering module
uses analogous encoding and two symmetric decoding structures, with stacked CFT-LSTM blocks
in between. It further reduces residual noise and improves filtering performance by passing spatial
information through an inter-channel masking module. Experimental results show that this algorithm
outperforms existing methods on the generated hearing aid dataset and the CHIME-3 dataset, with
fewer parameters and lower model complexity, making it suitable for hearing aid scenarios with
limited computational resources.

Keywords: convolutional recurrent networks; microphone array; hearing aid; speech enhancement;
beamforming

1. Introduction

In the fields of communication and audio processing, the presence of noise has always
been a major factor affecting speech quality and intelligibility. Common noise sources such
as environmental noise, human interference, echo, and reverberation not only reduce call
quality but may also cause errors in speech recognition systems, severely impacting the user
experience. Although traditional single-microphone systems have some noise reduction
capabilities, their performance is limited and cannot meet the demands of complex noise
environments. To overcome this limitation, speech enhancement technology based on
microphone arrays has emerged. This technology leverages the spatial information of
sound sources and advanced digital signal processing techniques to effectively recover
clear speech signals from noise. This technology is particularly important for individuals
with hearing impairments, as their ability to perceive speech in noisy environments is
more restricted.

In early research on microphone array signal processing, beamforming technology was
widely used due to its simplicity and ease of implementation. However, the performance of
fixed beamformers is limited in complex environments like multipath propagation because
their filter coefficients are constant [1]. Adaptive beamforming technology [2], on the other
hand, offers greater flexibility and performance advantages, allowing the filter coefficients
to adapt based on signal characteristics and environmental changes. Typical algorithms
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include the Minimum Variance Distortionless Response (MVDR) beamformer [3], the Lin-
early Constrained Minimum Variance (LCMV) beamformer [4], and the General Sidelobe
Canceller (GSC) beamformer [5]. These beamforming algorithms are fundamentally based
on the idealized assumptions of the microphone array signal propagation model, theoreti-
cally solving for the spatial filtering coefficients. However, in real-world applications, the
performance of beamforming algorithms can be affected by deviations in the theoretical
propagation model and errors in sound source localization.

In recent studies, with the continuous development of deep learning technology,
researchers have begun combining deep learning with speech enhancement based on mi-
crophone arrays, yielding some research outcomes. The application of deep learning in
microphone array speech enhancement can be divided into two types. One is mask-based
beamforming. In 2016, Heymann et al. [6] used a Recurrent Neural Network (RNN) with
Bidirectional Long Short-Term Memory (BiLSTM) to estimate the Ideal Binary Mask (IBM),
which was used to estimate speech and noise covariance matrixes to obtain beamforming
coefficients. In the same year, Higuchi et al. proposed a spatial clustering-based method to
calculate masks, also for estimating speech and noise covariance matrixes to derive beam-
forming coefficients. Subsequent studies [7,8] not only utilized spectral features to estimate
masks but also incorporated spatial features, providing more reliable mask estimations.
However, beamforming is a linear spatial filter applied to each frequency point, and the
aforementioned methods are limited by the inherent nature of beamformers. Deep learn-
ing’s alternative application in addressing this issue involves employing implicit spatial
filtering through fully neural networks, known as “all-neural beamformers”, which directly
estimate beamformer weights from the time domain [9] or the frequency domain [10–12].
In 2019, Luo et al. [13] proposed a Filter-And-Sum Network (FaSNet) model, which directly
estimates adaptive beamforming filter coefficients in the time domain. To address the
instability of matrix operations involved in traditional MVDR, Zhang et al. [14] in 2021 em-
ployed an All Deep Learning MVDR (ADL-MVDR) framework to improve the performance
of speech recognition systems. This framework replaces matrix inversion and eigenvalue
decomposition with two RNNs, using the RNNs to predict beamforming weights frame by
frame, significantly reducing residual noise while preserving the undistorted target speech.
In 2022, Andong et al. [15] first introduced the Taylor Beamformer into multi-channel
speech enhancement, decomposing the recovery process into spatial filtering and residual
noise cancellation. That same year, Yang et al. [16] proposed a Multi-cue fusion Network
(McNet), which serially connected four modules to utilize full-band spatial, narrow-band
spatial, sub-band spectral, and full-band spectral information. Each module in this network
contributes uniquely, and as a whole it significantly outperforms other existing methods.
In 2023, Kim [17] proposed using a DNN in the post-filtering part to estimate the Priori
Signal-to-Noise Ratio (SNR), speech power spectral density, and Speech Presence Probabil-
ity (SPP) to calculate spectral gain. That same year, Lei et al. [18] proposed a Multi-scale
Temporal Frequency CRN (MTFCRN) based on a Convolutional Recurrent Network (CRN)
for post-filtering in the context of hearing aids.

Although speech enhancement based on microphone arrays and deep learning is
rapidly developing, hearing aids often require extremely low power consumption and
latency due to limited computational resources. This remains a significant challenge for
research on microphone array-based speech enhancement algorithms in this scenario, neces-
sitating further study. This paper designs a microphone array-based speech enhancement
algorithm with a two-stage CRN structure, divided into beamforming and post-filtering
modules. In the beamforming module, directional features are additionally input to incor-
porate sound source localization information. Moreover, the Long Short-Term Memory
(LSTM) network in the CRN structure is improved, where the LSTM units in the CRN
structure use stacked Complex Frequency-Time Long Short-Term Memory (CFT-LSTM)
to capture correlations along both the time and frequency domains. The CRN structure in
the post-filtering module is similar to that in the beamforming module. Additionally, an
inter-module mask estimation module is introduced between the two modules to transmit
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spatial information and assist the post-filtering module in further noise reduction. The
performance of the algorithm was validated on the generated hearing aid dataset and the
CHIME-3 dataset.

2. Algorithm Fundamentals
2.1. The Overall Structure of the Model

The overall structure of the model is shown in Figure 1 and is divided into two mod-
ules: beamforming and post-filtering. In the beamforming module, the model introduces
directional features to implicitly incorporate sound source location information. Addition-
ally, the LSTM network in the CRN structure is improved by replacing the LSTM units
with stacked CFT-LSTM units, which are used to capture correlations in both the time and
frequency domains. The CRN structure used in the post-filtering module is similar to that
of the beamforming module. To further enhance the filtering effect, an inter-module mask
estimation module is introduced between the two modules to transmit spatial information.
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2.2. Beamforming Module
2.2.1. Impact of Feature Fusion Module on Model Performance

To better utilize the spatial information in the signal and improve spatial filtering
effects, directional features are considered as additional inputs alongside the spectrum.
Assuming that the spectrum of a microphone array signal consisting of C omnidirectional
microphones is Y1, · · · , YC, then the Inter-channel Phase Differences (IPD) between the p-th
pair of microphones can be calculated using the following equation [19]:

IPD(p)(t, f ) = ∠Yp1(t, f )−∠Yp2(t, f ) (1)

where p = (p1, p2) denotes the index of the microphone pair, Y(t, f ) denotes the complex
spectrum, and ∠( ) denotes the phase of the complex spectrum. Another variable related
to directional characterization is the Target Phase Differences (TPD), which represents the
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theoretical phase difference of the p-th microphone pair at frequency f in the θ direction.
For a given microphone array structure, the p-th microphone pair and azimuth θ, the TPD
for each direction is calculated as follows:

TPD(p)(θ, f ) =
2π f

c
fsdp, dp = ∆pcos θ (2)

where C denotes the speed of sound, ∆p denotes the spatial distance between the p-th pair
of microphones, and fs denotes the sampling rate. The directional characteristics of all
candidate azimuths [19] can be calculated as:

DF(θi, t, f ) = ∑p=1

〈
eIPD(p)(t, f ), eTPD(p)(θ, f )

〉
, i = 1, 2, · · · , M (3)

where e(∗) =
[

cos(∗)
sin(∗)

]
is a two-dimensional vector consisting of the cosine and sine of the

phase difference and M denotes the number of candidate azimuths. Therefore, it can be
easily inferred that the larger the value of DF(θi, t, f ), the higher the probability that the
target speech with the direction θi will appear in the microphone array signal.

Directional features reveal the similarity between IPD and TPD for each candidate
direction and better indicate the direction of arrival of the sound source in the microphone
array signal as well as the spatial connections between each microphone in the array. This
is equivalent to the source localization module in traditional moving sound source tracking
enhancement systems, thereby improving the performance of the microphone array-based
speech enhancement model.

2.2.2. Complex Time-Frequency Long and Short-Term Memory Networks

Due to the complexity and high training cost of the LSTM in the standard CRN
structure, CFT-LSTM [20] is used here to replace the traditional LSTM. CFT-LSTM is
composed of stacked Frequency-Time Long Short-Term Memory (FT-LSTM) units, which
are more effective than LSTM at handling very long sequences of speech separation. By
dividing long sequences into smaller blocks and applying RNNs within and between the
blocks, CFT-LSTM achieves good performance with a limited model size. Its network
structure is shown in Figure 2.
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The flow of CFT-LSTM is shown in Figure 2. Firstly, the input signal spectrum is input
into the network in complex form, then divided into real and imaginary parts, and then
further divided into real and imaginary paths. The network structure of the real path and
the imaginary path is the same. Both use Bidirectional Long Short-Term Memory (BiLSTM)
to establish the spectral pattern within a single frame. Then, through a fully connected
layer and a normalization layer, accompanied by residual connections, it is reshaped into
inter-block RNN and BiLSTM to establish the dependency relationship between consecutive
frames, and then the same as before. Thus, the real and imaginary parts have a total of four
outputs through the real and imaginary paths, and the final output complex spectrum is
obtained by combining them.

2.2.3. CRN-Based Beamforming Module

The CRN structure [21], applied to speech enhancement, was proposed by Tan K.
et al. in 2018 with the aim of addressing the needs of real-time processing in speech
enhancement scenarios that require strict delay constraints, such as in hearing aids. The
CRN structure consists of convolutional encoder-decoder modules and LSTM units, with
causal convolutions added to the convolutional encoder-decoder to meet the requirements
of a causal system.

The CRN network structure leverages the feature extraction capabilities of CNNs
and the temporal modeling capabilities of RNNs. Additionally, there are skip connections
between the decoder and encoder to retain potentially lost detail information during the
encoding process, especially after multiple convolution and pooling operations. Skip
connections improve network performance by allowing the network to utilize more of the
original input information when reconstructing the output. However, because traditional
CRN networks use standard LSTM units, their structure is relatively complex, with many
parameters and an opaque decision-making process, indicating room for improvement.

As shown in Figure 1, the proposed model’s beamforming module mainly consists of a
CRN with complex convolutional encoders, complex convolutional decoders, and interme-
diate stacked CFT-LSTM blocks. Initially, two feature vectors are computed from the input
microphone array signal: the spectrum and directional features. The obtained directional
features are used as input to the first-level encoder, which weights the encoded microphone
array signal spectrum. This weighted spectrum is then input into the CFT-LSTM structure
to capture correlations along the frequency and time domain and extract fundamental
information from the feature stream. The encoder consists of three complex convolutional
layers, while the decoder has three complex transposed convolutional layers. The 2D
convolutional layers extract local patterns from noisy spectra and reduce feature resolution,
while the transposed convolutional layers in the decoder restore the low-resolution features
to their original size. In addition to the basic framework of the beamforming module, it also
includes skip connections and dense blocks, which help alleviate the vanishing gradient
problem, allowing the network to learn more deeply without losing performance. Table 1
displays the model architecture of the beamforming module, focusing on the convolutional
and transposed layers’ settings, excluding the CFT-LSTM.

Table 1. Model architecture of the beamforming module.

Layer Name In_Channels Out_Channels Kernel_Size

CConv2D 1 4 12 [3,3]
CConv2D 2 12 24 [3,3]
CConv2D 3 24 48 [3,3]

CDeConv2D 1 96 48 [4,3]
CDeConv2D 2 72 36 [4,3]
CDeConv2D 3 48 24 [3,3]

Conv2d 24 4 [3,3]
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2.3. Postfilter Module

The main function of the post-filtering module is to perform further spatial filtering
and suppress residual noise. Initially, the spatially filtered signal is concatenated with
the spectrum of the first channel of the microphone array signal and then input into
the post-filtering module. This step aims to compensate for underestimated spectral
details. Similar to the beamforming module, this module uses analogous encoding and
two symmetric decoding structures, with stacked CFT-LSTM blocks in between. After
the multi-channel input is encoded, it is element-wise multiplied by the estimated inter-
module mask. The inter-module mask extracts implicit spatial information from the feature
stream of the spatial filtering module using stacked frequency-time blocks, which better
assists the post-filtering module in performing further spatial filtering on low-frequency
features. Subsequently, two independent decoders predict the real and imaginary parts of
the complex Ideal Ratio Masking (cIRM) for the channels. These parts are element-wise
multiplied by the STFT of the mixed signal to estimate the spectrum of the clean speech,
as follows:

s = IFFT(MY) = IFFT([(MrYr − MiYi) + i(MrYi + MiYr)]) (4)

Here, s denotes the time domain waveform of the desired speech, r denotes the real
part, i denotes the imaginary part, and M, S and Y denote the cIRM, the spectrum of the
target clean signal, and the noise signal, respectively.

2.4. Inter-Module Mask Module

To better integrate spatial information with post-filtering, an inter-module mask
estimation module is introduced between the spatial filtering module and the post-filtering
module. This module uses four frequency-time blocks based on self-attention, as shown
in Figure 3. The frequency-time blocks are primarily composed of frequency-domain
RNNs, time-domain RNNs, and self-attention. The frequency-domain RNN models long-
term dependencies along the frequency axis, while the time-domain RNN, utilizing a GRU
network, captures long-term correlations within the time domain. Self-attention weights the
outputs of all of the frequency-time blocks. First, average pooling and a 1 × 1 convolution
layer compress the features into a global representation. This representation is then input
to a softmax function to obtain a hierarchical attention map, which is used to weight the
output. The inter-module mask estimation module extracts features from the encoded
output of the spatial filtering module using frequency-time blocks, and then transmits
implicit spatial information to the post-filtering module. This helps the post-filtering
module perform further spatial filtering and suppress residual noise. Due to the impact of
harmonics and multi-channel effects, directly and accurately estimating the mask on each
channel’s input spectrum is very challenging. By using the encoded features as input and
output, the model’s parameter size and complexity can be effectively reduced. Therefore,
the inter-module mask is applied to the down-sampled features and corrected through
subsequent transposed convolution.
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3. Experimental Setup
3.1. Database
3.1.1. Hearing Aid Experimental Data

The hearing aid data used in this study comes from the Clarity Enhancement Chal-
lenge [22]. The experimental setup involves a room with moderate reverberation, where
individuals with hearing impairment wear hearing aids while standing or sitting, preparing
to hear clear and bright speech from a target speaker, typically with up to ten words. At the
same time, an interference source is present in the room, which could be another speaker or
general noise, such as dishwashing sounds, vacuuming, or microwave noises. The target
speaker starts speaking 2 s after the interference source begins and continues until the
interference source finishes 1 s after the target speaker stops. Thus, the duration of the
simulated hearing aid input signal is generally within 10 s.

The simulated data is generated by convolving the sound signal with binaural room
impulse responses (BRIRs) to produce the hearing aid input signal. The reverberant speech
and noise signals are combined according to the SNR values to obtain the simulated hearing
aid input signal. When the interference source is another speaker, the SNR is set between 0
and 12 dB. When the interference source is noise, the SNR is set between −6 and 6 dB, with
equal probability for both scenarios. The speech data comes from the OpenSLR database,
a high-quality dataset of British and Irish English dialects [23]. Noise signals are sourced
from the FreeSound library, specifically from the indoor/home noise collections [24]. The
hearing aid head transfer function database, OlHeadHRTF [25], includes six hearing aid
styles and microphones at the eardrum, recording 91 incident directions from 16 human
and three head models, with head models approximately 250 × 200 × 200 mm in size.
The study uses BTE hearing aids with six microphones and a 7.6 mm distance between
microphones on the same side. The BRIRs are obtained through the interaction of HRTFs
and sound propagation in the room.

Based on these settings, the RAVEN geometric room acoustic model [26] generated
10,000 simulated hearing aid input signals for constructing the training, validation, and
test datasets. The target speakers are 40 different British voice actors, appearing in the
training, development, and test datasets in a 24:10:6 ratio. The training and development
datasets are similar, with only slight differences in the setup. The test dataset ensures that
the scenarios are not present in the training and development datasets. The final datasets
consist of 6000, 2500, and 1500 samples for training, development, and testing, respectively,
each including the hearing aid input signal, interference signal, and clean target signal.

3.1.2. CHIME-3 Experimental Data

Additionally, to better evaluate the model’s performance, this study also used the
conventional multi-microphone array dataset, CHIME-3 [27]. The CHIME-3 dataset consists
of 6-channel microphone signals recorded while the subjects were speaking in various
environments such as cafes, street intersections, public transportation, or walking areas,
holding a tablet, which could be held, placed on their lap, or set on a table, among other
positions. The dataset ultimately generates 7138, 1640, and 1320 simulated utterances for
training, development, and testing, respectively.

3.2. Loss Function

The proposed model extracts Short-Time Fourier Transform (STFT) coefficients from
microphone array noisy speech and corresponding clean speech as input features. It then
trains the model by jointly optimizing the Mean Square Error (MSE) and Weighted Source
Distortion Ratio Loss (Weighted-SDR Loss) of the estimated cIRM as the training objective.
The Weighted Source Distortion Ratio Loss is employed for model training. This loss
function is a weighted variant of the Mean Square Error (MSE) loss, reflecting speech
distortion. It is designed to learn information contained in noisy speech signals and is
sensitive to speech amplitudes at different scales, as defined below:
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LωSDR(x, yclean, yest) = αLSDR(yclean, yest) + (1 − α)LSDR(x − yclean, x − yest) (5)

where yclean denotes clean speech, yest denotes estimated speech, x denotes a noisy speech
signal, and α denotes weighting coefficients. The formula for weighting is as follows:

α =
yclean

2

(x − yclean)
2 + yclean

2
(6)

where LSDR denotes the loss of signal:

LSDR(yclean, yest) = − ⟨yclean, yest⟩
∥yclean∥∥yest∥

(7)

The overall joint loss function is defined as:

Lall = LcIRM + LASDR

=
1
C

C−1
∑

n=0

∥∥Ŝn
r − Si

∥∥2

+
1
C

C−1
∑

n=0

∥∥Ŝn
i − Sr

∥∥2

+
1
C

C−1
∑

n=1
lossωSDR(xn, y, ŷn)

(8)

where C denotes the number of channels, and Ŝn
r and Ŝn

i are the estimated real and imagi-
nary parts of the cIRM in channel n, respectively.

3.3. Model Parameter Setting

The experiments were conducted with a sampling rate of 16 kHz, an analysis window
length of 32 ms, a window displacement of 16 ms, and a Fourier transform of 512 points.
The learning rate was optimized by the Adam optimizer with a learning rate set to 0.001.
Furthermore, the gradient trimming paradigm was set to 3, the batch size was set to 8 by
default, and the maximum training period was set to 200. Validation was performed every
15 training periods. Additionally, the hidden state vector for each LSTM unit in the RNN
was set to 300 by default. The computer configuration was as follows: the GPU was an RTX
3090Ti, and the RAM was 16 GB. The programming language was Python 3.9.

4. Experimental Results and Analysis

To verify the performance of the algorithm, we mainly designed three sets of exper-
iments. Firstly, the impact of different modules in the proposed network on algorithm
performance was compared using the hearing aid dataset. Then, under the same envi-
ronmental conditions, the performance of different hearing aid algorithms was compared.
Finally, the performance of different neural network-based algorithms was compared using
the CHIME-3 dataset and the algorithms’ complexity was analyzed.

4.1. Performance Comparison Experiments of Different Modules

In order to ascertain the role of the various modules of the model in enhancing speech
perception in hearing aids, the experiments compared the beamforming module (BM),
the beamforming module with directional features (BM + DF), the beamforming module
with directional features plus the post-filtering module (BM + DF + PF), and the overall
algorithm (Proposed) in the hearing aid database from the Clarity Enhancement Challenge.
In this experiment, the front microphone in the BTE was used as the reference microphone
signal, and the interfering sounds were speech and noise, respectively. The evaluation
metrics were the Perceptual Evaluation of Speech Quality (PESQ) [28] and the Short-Time
Objective Intelligibility (STOI) [29]. The experimental results are shown in Figure 4.

As illustrated in Figure 4, the front-end beamforming module achieved a significant
improvement in both average PESQ and STOI compared to the original noisy speech.
This indicates that the front-end beamforming module enhances the model’s performance,
likely due to the replacement of the traditional LSTM units in the CRN structure with CFT-
LSTM. This structure requires smaller operational caches and integrates full-band and sub-
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band modeling to handle multi-channel speech enhancement tasks, capturing correlations
along both frequency and time axes, and performing spatial filtering. Additionally, skip
connections and dense blocks contribute to the superior performance of the front-end
beamforming module.
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When the directional features were used in the front-end beamforming module, the
algorithm’s metrics were slightly better than the previous two methods for both types of
interference. This is because the introduction of directional features as additional inputs
effectively describes the relative positions of the microphone array and the sound source,
thereby enhancing the performance of the multi-channel speech enhancement model. The
reason for the less pronounced improvement is that the frequency domain information
itself also contains spatial information.

Compared to the single front-end beamforming module, the results show that adding
the additional post-filtering module improves network performance slightly. This is because
the post-filtering module, by learning single-channel time-frequency information, can
suppress residual noise in the output speech from the front-end beamforming module.

The performance of the algorithm is further enhanced when the inter-mask module is
added to both modules. This demonstrates the effectiveness of the inter-mask module. The
post-filtering module only utilizes single-channel time-frequency characteristics, treating
it as a single-channel speech enhancement task and not using the spatial information
from the front-end beamforming module. In contrast, the inter-mask module uses self-
attention-based time-frequency blocks to extract implicit spatial information from the
encoded feature stream and passes it to the post-filtering module for further spatial filtering
and noise suppression.

4.2. Comparison Experiments on the Hearing Aid Dataset

The comparison algorithm for this experiment was the openMHA project [30], which
provides a software platform for real-time audio signal processing and packaged algorithm
plug-ins for enhancing microphone arrays. Experiment 1 was a comparative experiment
examining the effects of different interference types. Experiment 2 was a comparative
experiment examining the effects of different noise types. Experiment 3 was a comparative
experiment of speech spectrograms under noise interference. All of the experiments were
conducted on the generated hearing aid test dataset with PESQ and STOI metrics. In this
setup, the front microphone in the BTE was used as the reference microphone signal.

4.2.1. Comparison of Algorithms Under Different Interference Types

The objective of this experiment was to evaluate the efficacy of the algorithm on the
hearing aid dataset in the presence of varying types of interference. The specific results
are presented in Figure 5. As illustrated in Figure 5, the proposed algorithm demonstrated
performance superior to that of openMHA in the presence of both types of interference.
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The enhancement of the proposed algorithm in the context of both types of interference was
notable, with an improvement of approximately 0.5 on the PESQ metric score and nearly
0.05 on the STOI. In comparison with the original noisy speech, the proposed algorithm
exhibited a notable improvement of approximately 1 on the PESQ metric score and a more
substantial improvement of over 0.1 on the STOI metric score. Consequently, the proposed
algorithm demonstrated enhanced efficacy on the hearing aid dataset, rendering it a viable
option for use with the hearing aid dataset in the presence of diverse types of interference.
The STOI metric score demonstrated an improvement of over 0.1. Consequently, the
proposed algorithm exhibits robust performance on the hearing aid dataset, with a notable
enhancement over existing open-source hearing aid algorithms.
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4.2.2. Comparison of Algorithms Under Different Noise Types

The objective of this experiment was to evaluate the efficacy of the algorithm in differ-
ent noise environments on the hearing aid dataset (SNR is set to 0 dB). The specific results
are presented in Table 2. As illustrated in the Figure, all three algorithms are capable of
noise suppression. However, the proposed algorithm demonstrates superior performance
compared to the remaining two algorithms across all noise types. The advantage of the
proposed algorithm is more pronounced in the PESQ metrics, while it exhibits a relatively
lower performance in STOI metrics, particularly in dishwasher noise types, where it is
comparable to openMHA. This suggests that the proposed algorithm excels in speech
quality but may require further optimization in terms of speech intelligibility and clarity.

Table 2. Comparison of algorithm performance under different noise types.

Noise
Type

PESQ STOI

Front Mic openMHA Proposed Front Mic openMHA Proposed

vacuum 1.078 1.898 2.152 0.601 0.811 0.854
microwave 1.201 2.051 2.21 0.641 0.835 0.904

kettle 1.311 1.602 2.475 0.732 0.812 0.935
fan 1.251 1.852 2.22 0.643 0.773 0.86

dishwasher 1.352 1.756 2.012 0.656 0.912 0.925
hairdryer 1.401 1.601 2.123 0.707 0.801 0.892
washing 1.256 1.984 2.182 0.688 0.765 0.921

4.3. Comparison Experiments on the CHIME-3 Dataset

The comparison algorithms in this experiment included the Channel-Attention Dense
U-Net (CADUNet) based on the channel [31] and the Dense Frequency-Time Attention
Network (DeFTAN) [32]. The purpose of the experiment was to compare the performance
of the algorithms on the CHIME-3 dataset. The algorithm performance comparison is
shown in Figure 6.
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As illustrated in Figure 6, the proposed algorithm demonstrates superior performance
compared to existing state-of-the-art results on the CHiME-3 speech enhancement task.
All three algorithms demonstrate a substantial enhancement of the original band-noise
speech. The proposed algorithm exhibits performance superior to that of CADUNet by
approximately 0.2 on the PESQ metric and by approximately 0.1 on the STOI metric. It also
outperforms DeFTAN by approximately 0.1 on the PESQ metric and by approximately 0.01
on the STOI metric.

The parameter and model sizes of the three neural networks are presented in Table 3.
Another advantage of the proposed algorithm is its smaller parameter size (only 1.26 M)
compared to the other algorithms. The complexity of the model (only 13.3 G MAC/s) is
also significantly lower than that of the other algorithms. The primary reasons for this are
as follows: first, CFT-LSTM has a lower algorithmic complexity and fewer runtime buffers,
which provides an effective method; second, because the intermodal mask module utilizes
the encoded features as inputs and outputs, it can effectively reduce the parameter size and
complexity of the model.

Table 3. Comparison of algorithm complexity.

Algorithm Parameter Size MAC/s

CADUNet 13.21 M 35.3 G
DeFTAN 2.52 M 42.7 G
Proposed 1.26 M 13.3 G

5. Conclusions

A novel lightweight two-stage convolutional recurrent network is proposed for multi-
channel speech enhancement, with the objective of addressing the suboptimal performance
and high computational complexity observed in hearing aid speech enhancement. The
network comprises two principal modules. (1) The beamforming module extracts local rep-
resentations from complex spectral and directional features, capturing correlations on the
frequency and time domains through stacked CFT-LSTM modules, which are later spatially
filtered. (2) The post-filtering module is used to further filter out residual noise. Addi-
tionally, the model incorporates an intermodal mask module to enhance the post-filtering
module’s capacity for spatial filtering and post-filtering of low-frequency features. The
experimental results on the hearing aid dataset demonstrate that the proposed method out-
performs openMHA. Furthermore, the results of experiments using the CHIME-3 dataset
indicate that, in comparison to the state-of-the-art methods, the proposed method contains
fewer parameters and outperforms these algorithms in terms of PESQ and STOI metrics.

However, the proposed microphone array speech enhancement algorithm has a rela-
tively small model size, but it is not yet sufficient to run on general hearing aid devices.
In order to obtain more universal applications, further improvements need to be made
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by further reducing the model size. Furthermore, we plan to explore solutions for mobile
sound source enhancement from the perspective of deep learning.
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